In this paper, we first measured the eco-efficiency of 31 provinces in China during 2000-2015 using the SBM (Slack-Based Measure) model, and the spatial character of eco-efficiency was identified based on symmetrical spatial weight matrix. We then proposed a new asymmetrical spatial weight matrix based on the eco-economic transformation index (EETI)-distance reciprocal principle to assess the spatial character of eco-efficiency. Finally, we analyzed the convergence of eco-efficiency's total factor productivity (EETFPs) in mainland China and in three major regions based on the results of EETFP. The study revealed the following findings: (1) There were some limitations to the spatial autocorrelation of eco-efficiency in mainland China by the symmetrical spatial weight methods based on the spatial proximity principle or spatial distance principle. However, the new spatial weight scheme improved the reliability of the accounting results of the spatial autocorrelation. (2) The clustering effect of eco-efficiency exhibited a downward trend in mainland China during the study period; meanwhile, the significant high-high and low-high clustering areas were located in the eastern, the central, and the western regions. (3) The study of convergence showed that there was a club-convergence phenomenon in mainland China, and except for the western region, all the regions expressed conditional convergence. The results provide a significant reference for ecological-economy management and sustainable development in China.
Introduction
Eco-efficiency as a tool to measure the coordinated development of economy, resources, environment, and ecology can be defined as the ratio of the economic value created to the environmental impact generated [1] . Eco-efficiency was first proposed in 1990 and has received extensive attention along with the redefinition and promotion of the World Business Council for Sustainable Development (WBCSD) [2] . The WBCSD defined eco-efficiency as providing services and products with a price advantage to satisfy the human needs and high quality of life; meanwhile, these services and products can also reduce the environmental impact and resource consumption to a level that matches the carrying capacity of the earth in relation to the life cycle (World Business Council for Sustainable Development (WBCSD), 1996). Subsequently, there is a series of studies on the concepts [3] [4] [5] and assessment methods [6] [7] [8] [9] [10] [11] . The research object of eco-efficiency is mainly at the level of enterprise [12] , industry [13, 14] , region, and national development [15, 16] . Lahouel et al. used real data from 17 French firms belonging to the services to consumers' industry by developing a Data Envelopment Analysis (DEA)-based models. They found that eco-efficiency is closely related to environmental efficiency. Wursthorn et al. studied the environmental impact of industry classes in Germany by using Eco-Indicator 99, a single-score life-cycle impact assessment (LCIA) method. This single indicator facilitated a comparison of the environmental intensity of different industry classes. Maia et al. the development and utilization process. Finally, the previous studies have adopted the symmetrical spatial weight matrix, which was constructed according to the principle of proximity or spatial distance, and ignored the spatial heterogeneity of the attribute values of geographical features, resulting in certain limitations in the evaluation results.
Therefore, the water footprint and resource and environmental costs were introduced into input indices, and gray water footprint was introduced into undesirable output indices based on water footprint theory and ecosystem service value theory. Then, the SBM model was used to calculate the eco-efficiency from 2000 to 2015 in mainland China. On this basis, we applied various spatial weight schemes to analyze the interprovincial spatial patterns of eco-efficiency in China during the study period. Then, a new spatial weight scheme was proposed based on the eco-economic transformation index (EETI)-reciprocal distance, and empirical analysis was performed to analyze the impact of different spatial weights on the evaluation results. Finally, we examined the eco-efficiency's total factor productivity (EETFP) by using the Malmquist productivity index approach and analyzed the EETFP convergence to explore changes in the regional eco-efficiency over time. The study hopes to provide references to the realization of win-win goals for economic benefits and eco-environmental benefits.
Models and Data

SBM Model
Data envelopment analysis (DEA) is a method that uses a mathematical programming model to evaluate the relative efficiency of multiple inputs and multiple output elements [27] . However, the DEA method also has limitations. Firstly, in the case where the efficiency value is 1, the effective decision units cannot be well distinguished and compared. Therefore, some scholars put forward the super-efficiency DEA model [28] . Secondly, the traditional DEA model does not consider the relaxation of output and input, so the evaluation results are biased. Tone's proposed nonradial, nonoriented SBM model (Slack-Based Measure, SBM) puts the slack variable directly into the objective function, which not only solves the relaxation problem of input and output but also solves the problem of efficiency evaluation in the existence of unexpected output [29] . The undesirable output of the SBM model is as follows:
where ρ * is the eco-efficiency value, and 0< ρ* ≤1; m, S 1 , and S 2 are the number of inputs, expected outputs, and undesirable output elements, respectively; S -, S g , and S b are inputs, expected output, and undesired output slack, respectively; x o , y o g , and z o b are input, expected output, and undesired output values, respectively; λ is a weight vector; X, Y g , and Z b correspond to the matrix of input, expected output, and undesired output, respectively; "o" in the model indicates the unit being evaluated. When ρ* = 1, that is, S − = 0, S g = 0, and S b = 0, the decision unit to be evaluated is completely valid. Otherwise, there is an efficiency loss in the decision unit, and the amounts of input, expected output, and undesired output are required to adjust to improve efficiency.
Construction and Decomposition of the Malmquist Index Model
If only the SBM model is used, the results are all relative efficiency values, and it is only possible to compare and analyze the static efficiency of a decision-making unit in a certain year. The Malmquist index model can dynamically measure the technical efficiency, avoid the defects of cross-sectional data, analyze the panel date technical efficiency calculation, and understand the dynamic laws [20] . According to the model constructed by Färe et al. [30] , the Malmquist index model can be decomposed into the following form:
In the formula (2),
(x t+1 , y t+1 ) are, respectively, distance functions in t and t+1 period, taking the technical level of t period and t+1 period as reference.
Under the assumption of constant return to scale, the Malmquist index can be further divided into technical efficiency change (EFFCH) and technical change (TECH). EFFCH can be divided into scale efficiency change (SEC) and pure technical efficiency change (PEC).
In general, TFP > 1 indicates an improvement in overall productivity and vice versa. TFP = 1 means that the total factor productivity does not change. PEC > 1 indicates that the improvement of resource allocation and utilization improves efficiency. SEC > 1 indicates the change of input agglomeration scale and the improvement of scale efficiency. TECH > 1 indicates the improvement of production technology [31] .
Exploratory Spatial Data Analysis
Exploratory spatial data analysis (ESDA) can describe the spatial distribution characteristics of data, identify spatial data structure, and intuitively reveal the spatial agglomeration effect of some geographical phenomena and the spatial mechanism of interaction between them. Moran's I and Geary's C indicators were used to assess autocorrelation. However, as Geary's C is more sensitive to local spatial autocorrelation [32] , we selected the global Moran's I [33] to measure the autocorrelation of efficiency and used the local Moran's I to analyze the spatial distribution pattern or spatial heterogeneity between one region and the surrounding area. The Moran's I was calculated as follows:
In Equations (4) and (5), the GMI and LMI represent global Moran's I and local Moran's I, respectively.
. m i and m j represent the eco-efficiency for the i th and j th regions, respectively. m represents the arithmetic mean value of the eco-efficiency for all regions, n is the number of sample regions, and W ij is the spatial weight matrix. The range of GMI was [−1,1]. As GMI approaches 1, the eco-efficiency develops a clustered pattern. As GMI approaches −1, the eco-efficiency develops a dispersed pattern, and a value of 0 indicates a random pattern. If the spatial units i and j have common edges or common points, the spatial elements i and j are considered adjacent and assigned a value of 1. Otherwise, no adjacent value is assigned to 0. The specific formula is as follows:
1, There is a public side and a public point between region i and region j 0, There is no public side and no public point between region i and region j
where w ij is the spatial weight of spatial units i and j.
Rook Contiguity
Compared with the above scheme (Equation (6)), this scheme further restricts the judging criterion of the spatial unit neighbors. That is, the spatial units i and j can be judged as the adjacent need of common edges and assigned a value of 1. Otherwise, the sentence is judged not to be adjacent to 0. The formula is as follows:
There is a public side between region i and region j 0, There is no public side between region i and region j
K-nearest Neighbors
The scheme defines the distance d ij of each region i with all regions j(j i) and sorts them d ij(1) , d ij(2) , ..., d ij(n-1) . For each k=1, 2 ,..., n−1, we can define the set N k (i) = {j(1), j(2), ..., j(k)}, which contains the nearest k units of the distance region i. If region j belongs to the nearest k units of distance region i, it is assigned a value of 1; otherwise, it is assigned a value of 0. The specific formula is as follows:
where w ij is the spatial weight of region i and j.
Threshold Distance
This program first sets a threshold distance d, and the distance between the center of each space unit (without considering the influence of surface undulations) is then compared with d. If it is less than the threshold distance d, the threshold distance d is considered adjacent to two space units and assigned a value of 1; otherwise, the threshold distance d is assigned 0. The specific formula is as follows:
where w ij is the spatial weight of the spatial unit i and j, and d ij is the distance between the center of gravity of spatial units i and j.
Asymmetrical Spatial Weighting Matrix Based on the EETI-Distance Reciprocal Principle
Since the above symmetrical spatial weighting schemes are all based on spatial dependence, namely, the geospatial units are assumed to be relatively homogeneous, the spatial heterogeneity of geographic elements is actually ignored, and the set of threshold distances has subjective arbitrariness, which makes the evaluation result more sensitive to changes in the spatial weight matrix [34] . Therefore, it is necessary to set the spatial weight matrix as an asymmetrical weight matrix to reflect the spatial heterogeneity of the attribute values of geographic elements.
Due to different levels of economic development and ecosystem service value in various regions, the economic and ecosystem service value relationships among the regions also vary. Incorporation of the economic and ecosystem service value for each region can be accomplished by modifying the proximity index from spatial unit i and j, as below:
where w ij is the spatial weight of spatial units i and j. d ij is the distance between the center of gravity of spatial unit i and j. EETI is the ecological-economic transformation index (dimensionless), which is used to measure the ability of the ecosystem service value to be transformed into economic benefit in the process of regional economic development, namely, the ratio of gross domestic product (GDP) of a region to the value of ecosystem service (ESV) in the region.
Analysis of Spatial Correlation of Ecological Efficiency in Mainland China
Variables and Data Source
Under scientific, representativeness, and operability principles, we select water footprint; labor force; fixed-asset investment (computed using the "perpetual inventory method"; see Dey-Chowdhury [35] , Shan [36] , Wu et al. [37] , and Berlemann and Wesselhöft [38] ); cost of resource and environment; construction land area as the input indices. The output indices comprise of GDP, gray water footprint, and environmental pollutants.
The study area in this paper includes 31 provinces in mainland China (not including Taiwan 
Comparison of Evaluation Results Based on Symmetric Spatial Weight Matrix
Global Spatial Autocorrelation Analysis of Eco-Efficiency in Mainland China
According to formula (1), the efficiency values of China from 2000 to 2015 are calculated and based on the spatial proximity principle and space distance principle (Equations (4) and (6)-(9)), In Table 2 , scheme I and II belong to the spatial proximity principle, while scheme III and IV belong to the spatial distance principle. The results of global Moran's I (GMI) and its significant level of eco-efficiency in mainland China in different periods are shown in Table 2 . Note: * denotes 10% significance level, ** denotes 5% significance level, *** denotes 1% significance level. Table 2 reports the global Moran's I values for the examined eco-efficiency. As Table 2 shows, the GMI index was between 0.277 and 0.460, based on Scheme I and Scheme II, and showed significant autocorrelation (at the 0.05 significance level). The GMI index showed the characteristic of global spatial positive correlation of the eco-efficiency in mainland China in the study period; namely, there are certain spatial clustering phenomena in eco-efficiency. Scheme III expressed that the overall GMI index was smaller than the GMI indices of Scheme I and Scheme II, and all variables except for individual years did not show significant autocorrelation (at the 0.05 significance level). Scheme IV showed a significant global spatial positive correlation between 2000 and 2002. However, it showed nonsignificant global spatial negative correlation characteristics in 2012, 2014, and 2015, and in addition to the 2000 and 2002 years, the scheme failed to pass the significant test of 5%. GMI index does not indicate the spatial clustering characteristics of a special region, so it is necessary to analyze the local spatial autocorrelation of eco-efficiency in mainland China.
Local Spatial Autocorrelation Analysis of Eco-Efficiency in Mainland China
To further reveal the spatial distribution characteristics of the similar attribute values in specific regions, we assessed spatial dependence among the 31 provinces by analyzing the local indicators of spatial association based on Moran scatter plots and the local spatial autocorrelation index (LMI), taking 2000, 2008, and 2015 as an example, and at the 0.05 significance level, the local spatial autocorrelation cluster of eco-efficiency in mainland China is shown in Figure 1 . 8 Scheme IV showed a significant global spatial positive correlation between 2000 and 2002. However, it showed nonsignificant global spatial negative correlation characteristics in 2012, 2014, and 2015, and in addition to the 2000 and 2002 years, the scheme failed to pass the significant test of 5%. GMI index does not indicate the spatial clustering characteristics of a special region, so it is necessary to analyze the local spatial autocorrelation of eco-efficiency in mainland China. Ⅰ to scheme Ⅳ.
Comparison of Scheme I and Scheme II (Figure 1a, b) shows that except for Scheme II, which failed to identify Gansu as a significant low-low clustering area in 2000, the two schemes identified significant low-high clustering and high-high clustering basically the same. Compared with scheme I, the identified low-low clustering areas based on Scheme II increased Xinjiang but failed to identify Tianjin as a significant high-high clustering area in 2008. Both schemes (I and II) detected Xinjiang and Qinghai as significant low-low clustering areas, where Scheme II identified significant low-high Comparison of Scheme I and Scheme II (Figure 1a,b) shows that except for Scheme II, which failed to identify Gansu as a significant low-low clustering area in 2000, the two schemes identified significant low-high clustering and high-high clustering basically the same. Compared with scheme I, the identified low-low clustering areas based on Scheme II increased Xinjiang but failed to identify Tianjin as a significant high-high clustering area in 2008. Both schemes (I and II) detected Xinjiang and Qinghai as significant low-low clustering areas, where Scheme II identified significant low-high clustering characteristics of Tibet but failed to detect other significant clustering types. Figure 1c ,d reflect that the two schemes identified significant low-low clustering areas (Gansu, Sichuan, Yunnan), significant high-high clustering areas (Shandong), and significant low-high clustering areas (Jilin, Anhui) and are more consistent, but compared with Scheme IV, Scheme III identified more significant areas in 2000. In 2008, although both schemes identified Jilin and Hebei as significant low-high clustering areas, Scheme III was more advantageous than Scheme I in identifying high-high clustering areas and low-low clustering areas. In 2015, both schemes identified Shandong and Hebei as significant high-high clustering areas and low-high clustering areas, respectively. However, Scheme III is still better than Scheme IV in terms of recognition capability.
The evaluation results of the above four schemes are mainly affected by factors, such as the size of the unit being assessed and the adjacency status. For example, in Scheme I and Scheme II, there are no direct neighbor relationships between Hainan and other provinces, which is difficult to identify effectively with two schemes.
The different value of K in Scheme III will lead to the randomness and uncertainty of the evaluation results. In Scheme IV, because the distance between the center of Xinjiang and the center of other areas exceeds the threshold distance, the Xinjiang area was judged neighborless, so it failed to identify the local spatial autocorrelation feature of the spatial unit. If the threshold distance is increased, it will inevitably affect the judgment of the number of neighbors in other provinces, resulting in not only random evaluation results, but there is uncertainty.
In addition, Scheme I and Scheme II have relatively good recognition results for low-low clustering areas, but both have poor recognition of low-high clustering areas. Scheme III and Scheme IV have a better recognition effect for low-high clustering areas. However, Scheme IV can easily reduce the scope of low-low clustering areas. However, the four schemes have poor ability to identify high-high agglomeration areas.
Overall, the first two schemes are more suitable for small-scale areas with relatively clear public edges or common points. The latter two solutions are suitable for large-scale space detection, but these two schemes are inevitably influenced by the subjective factors in the setting of threshold distance and the selection of K value, which leads to the limitation of evaluation results. Therefore, we will analyze it again based on the improved spatial weight scheme.
Analysis of Evaluation Results Based on Asymmetrical Spatial Weight Matrix
Global Spatial Autocorrelation Analysis of Eco-Efficiency in Mainland China Based on the EETI-Distance Reciprocal Principle
Through the analysis of the above evaluation results, we can see that the construction of spatial weight has a greater impact on the results of spatial autocorrelation analysis. Therefore, to further improve the reliability of the evaluation results, under the premise of fully considering the regional ecosystem service value and the difference in economic development level, the combined spatial weight scheme based on the EETI-distance reciprocal principle (Equation (10)) is used to test the GMI index and its significant level of eco-efficiency in 2000-2015, and the results are shown in Table 3 . As Table 3 shows, the GMI indices calculated based on Scheme V are positive, and the Z values are all greater than 1.96, indicating that the GMI indices passed the 5% significance test during the study period and presented a significant global positive correlation of eco-efficiency. From the perspective of the time series, the GMI index has risen during the four time periods of 2004-2005, 2006-2007, 2009-2010 , and 2012-2013, indicating that the clustering effect of eco-efficiency is weakly increasing during this period, but the GMI index as a whole showed a declining tendency during the study period, illustrating that the clustering effect of eco-efficiency in mainland China tends to weaken with the passage of time. At the same time, the gradual decrease in the p-value and Z-value indicates that the global positive correlation is decreasing gradually; that is, the number of the significant high-high clustering areas or low-low clustering areas is decreasing gradually.
Local Spatial Autocorrelation Analysis of Eco-Efficiency in Mainland China Based on the EETI-Distance Reciprocal Principle
Combined with the Moran scatter chart and the LMI index, taking 2000, 2008, and 2015 as examples, and at the 5% significance level, the local spatial autocorrelation cluster of eco-efficiency in mainland China, which used the combined spatial weight scheme (Scheme V) based on the EETI-distance reciprocal principle, yields the results shown in Figure 2 . 
EETI-Distance Reciprocal Principle
Through the analysis of the above evaluation results, we can see that the construction of spatial weight has a greater impact on the results of spatial autocorrelation analysis. Therefore, to further improve the reliability of the evaluation results, under the premise of fully considering the regional ecosystem service value and the difference in economic development level, the combined spatial weight scheme based on the EETI-distance reciprocal principle (Equation 10 ) is used to test the GMI index and its significant level of eco-efficiency in 2000-2015, and the results are shown in Table 3 . As Table 3 shows, the GMI indices calculated based on Scheme V are positive, and the Z values are all greater than 1.96, indicating that the GMI indices passed the 5% significance test during the study period and presented a significant global positive correlation of eco-efficiency. From the perspective of the time series, the GMI index has risen during the four time periods of 2004-2005, 2006-2007, 2009-2010, and 2012-2013 , indicating that the clustering effect of eco-efficiency is weakly increasing during this period, but the GMI index as a whole showed a declining tendency during the study period, illustrating that the clustering effect of eco-efficiency in mainland China tends to weaken with the passage of time. At the same time, the gradual decrease in the p-value and Z-value indicates that the global positive correlation is decreasing gradually; that is, the number of the significant high-high clustering areas or low-low clustering areas is decreasing gradually.
Local Spatial Autocorrelation Analysis of Eco-Efficiency in Mainland China Based on the EETI-Distance Reciprocal Principle
Combined with the Moran scatter chart and the LMI index, taking 2000, 2008, and 2015 as examples, and at the 5% significance level, the local spatial autocorrelation cluster of eco-efficiency in mainland China, which used the combined spatial weight scheme (Scheme Ⅴ) based on the EETI-distance reciprocal principle, yields the results shown in Figure 2 . Figure 2 reveals that Scheme V failed to identify significant high-low and low-low clustering areas during the study period. The total number of positive spatial autocorrelation areas (high-high clustering) of eco-efficiency has been reduced from eleven to four. The concrete manifestation is that Inner Mongolia, Liaoning, Jiangsu, Fujian, Jiangxi, Zhejiang, and Hainan have exited from the high-high clustering areas. The results are consistent with the continued downward trend of the GMI indices, and its significance level is derived from Table 3 .
In terms of geographical distribution, high-high clustering areas are mainly located in eastern China. Among these areas, the significance of Beijing, Tianjin, Shanghai, and Guangdong have remained unchanged during the study period, indicating that the capital conversion rate, resource utilization efficiency, and the ecological-economic transformation capacity are relatively high, and the cost of resource and environmental losses are relatively low. The industrial structure of the eastern provinces of China is relatively complete, thus forming significant high-high clustering areas with eco-efficiency.
The number of provinces showing low-high clustering areas increased from 10 in 2000 to 11 in 2015, among which Xinjiang, Tibet, Qinghai, Ningxia, and Guangxi provinces remained significant low-high clustering. On the whole, in addition to the eastern part of Hainan, the significant low-high clustering areas are located in the central and western regions of China.
Analysis of the Convergence of Eco-Efficiency in Mainland China
Convergence Model
Through the above spatial autocorrelation analysis of eco-efficiency in China, we can see that the spatial distribution of regional eco-efficiency is quite different. Whether the differences among regions will gradually decrease with time, and whether there is the same convergence pattern, all of these should be further analyzed. To this end, this paper has analyzed the convergence of China's eco-efficiency to explore more deeply the regional differences in China's eco-efficiency and its influencing factors. Since the eco-efficiency values obtained by Equation (1) are all relative efficiency values, convergence analysis cannot be performed. Therefore, we have analyzed the convergence of EETFPs in China and three major regions. Specific convergence methods include σ convergence, absolute β convergence, and conditional β convergence. According to Equation (11), σ convergence can be measured by the standard deviation of the EETFP in mainland China and three major regions [39] . A clear decline in the standard deviation over time would indicate that the EETFP gap among provinces has gradually been narrowing and that σ convergence exists. The measurement of absolute β convergence can be observed in Equation (12), which implies that the EETFP of all provinces converge to the same steady state if coefficient β is significantly negative. In addition, the measurement of conditional β convergence can be observed in Equation (13), which implies that the EETFP of provinces in different regions converges to their own steady states if coefficient β is negative [40] .
σ convergence:
absolute β convergence:
conditional β convergence:
where lnY i,0 and lnY i,t represent the EETFP logarithm of the eco-efficiency of the initial period and t th period of the i th region, respectively, and i = 1, 2, . . . , n represents the provinces. α 0 and α 1 are constants, ε i,t is the stochastic error, and T represents the study period. x j i,t is the j th influencing factor of the i th province in period t.
σ Convergence
According to Equation (11) , the EETFP of China and three major regions is calculated. These regions are the eastern region (Beijing, Tianjin, Hebei, Liaoning, Jiangsu, Shanghai, Zhejiang, Fujian, Shandong, Guangdong, Hainan), central region (Shanxi, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, Hunan), and western region (Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang). The σ convergence of the EETFP in mainland China and three major regions is shown in Figure 3. 
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factor of the i province in period t. Figure 3 shows that during the study period, the eastern value of the standard deviation of EETFP is 0.17. However, the average value of mainland China and the central region is 0.14, 0.11, while the mean of the western region is the smallest, 0.08. In addition to the eastern region, the EETFP in remaining regions shows a trend of decreasing fluctuation during the study period, which indicates that there is σ convergence in mainland China, central region, and western region, indicating that the gaps gradually decrease in the study. However, there is no σ convergence in the eastern region, indicating that the gaps do not disappear in the study period.
σ Convergence
According to Equation (11), the EETFP of China and three major regions is calculated. These regions are the eastern region (Beijing, Tianjin, Hebei, Liaoning, Jiangsu, Shanghai, Zhejiang, Fujian, Shandong, Guangdong, Hainan), central region (Shanxi, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei,
Absolute β Convergence
According to Equation (12) , the results of absolute β convergence are shown in Table 4 . Table 3 shows that the results support absolute β convergence for all regions during the study period, and the mainland China and eastern region have significant negative β values, indicating that there is a trend of absolute β convergence of EETFP in mainland China and the eastern region, indicating that the eco-efficiency of the growth rate of China will tend to a common level, and the gaps in the eastern region will gradually decrease in the future. Figure 3 shows that during the study period, the eastern value of the standard deviation of EETFP is 0.17. However, the average value of mainland China and the central region is 0.14, 0.11, while the mean of the western region is the smallest, 0.08. In addition to the eastern region, the EETFP in remaining regions shows a trend of decreasing fluctuation during the study period, which indicates that there is σ convergence in mainland China, central region, and western region, indicating that the gaps gradually decrease in the study. However, there is no σ convergence in the eastern region, indicating that the gaps do not disappear in the study period.
According to Equation (12) , the results of absolute β convergence are shown in Table 4 . Table 3 shows that the results support absolute β convergence for all regions during the study period, and the mainland China and eastern region have significant negative β values, indicating that there is a trend of absolute β convergence of EETFP in mainland China and the eastern region, indicating that the eco-efficiency of the growth rate of China will tend to a common level, and the gaps in the eastern region will gradually decrease in the future. Although the β in the central and western regions was negative, it did not pass the 5% significance level test, indicating that there was no absolute β convergence of EETFP in the central and western regions, which also reflected the differences in production management and technical level in the central and western provinces.
Therefore, the differences in EETFP between mainland China and the eastern regions would gradually disappear over time, while the differences in EETFP between the central and western regions would continue to exist. At the same time, as shown in Figure 3 , there is σ convergence in mainland China, indicating that there is club convergence in China.
Conditional β Convergence
Since the absolute β convergence model uses the initial level of EETFP as the only factor that determines its convergence, there are in fact many factors that actually affect the EETFP convergence. We select the per capita ecosystem service value (PESV), ecological-economic transformation index (EETI), and resource and environmental cost of unit GDP (RECGp) to reflect ecological resource endowments; per capita GDP (PGDP) and foreign direct investment (FDI) to reflect regional economic development level; research and development input (R&D) to reflect the level of science and technology; proportion of tertiary industry (PTI) to reflect social development status. Taking these seven indicators as the conditional variables, according to Equation (13) , the results of conditional β convergence are shown in Table 5 . Table 5 shows that the convergence coefficient β of each region is significantly negative except for the western regions. Therefore, we can conclude that there are conditional β convergence characteristics in the national, eastern, and central regions, indicating that the EETFP values in these regions will converge to their own steady level states over time.
From the perspective of various influencing factors, per capita ecosystem service value and unit GDP resource environment cost consumption are significantly negative in the central region. PGDP shows significant positive characteristics in mainland China and the eastern region, and R&D investment is significantly negative in mainland China and the eastern region, but it is significantly positive in the central region. EETI is significantly positive in the eastern and central regions. But it should be noted that although there is significant conditional β convergence in the central region, there is no absolute β convergence, indicating that the central provinces and regions have not converged to a common EETFP, but due to the differences in ecosystem service value endowments, industrial structure, science and technology level, and production management among provinces and regions in the region, each province and region tends to its own stable state.
Conclusions and Suggestions
In this paper, we applied the SBM model to measure the eco-efficiency of 31 provinces in China during 2000-2015 and analyzed the interprovincial spatial patterns of eco-efficiency based on the symmetry spatial weight scheme. Then, we introduced a new combined spatial weight scheme based on the EETI-distance reciprocal principle, which was used to analyze the global spatial autocorrelation of eco-efficiency. For further analysis, we used convergence models to explore the convergence of EETFP of China and three major regions. The results showed that the eco-efficiency had significant global Moran's I value (at the 0.05 significance level), but the clustering effect of eco-efficiency in mainland China tended to weaken with the passage of time, and the high-high clustering regions were mainly located in eastern China while low-high clustering regions were mainly in the central and western regions of China according to province-scale LISA analysis. We also found that China expressed the club convergence and there was no σ convergence in the eastern region, and there was no absolute β convergence in the central and western regions. From the perspective of conditional β convergence, all regions except for the western region showed conditional β convergence.
Evidence from the empirical analysis revealed that the central and western regions should further accelerate the adjustment of industrial structure and change the mode of economic development. Meanwhile, relying on their own high values of ecosystem services, they should speed up the linkage of funds and technology costs with the eastern provinces and improve the ecological-economic transformation capability, thereby promoting the evolution of the regional economy, social development, resources, and the environment to a dynamic balance. According to the analysis of convergence, we also found that the central regions should reduce the utilization of regional ecosystem service values and the consumption of unit GDP resources and environmental costs, improve the utilization rate of resources and promote the eco-efficiency. The country still needs to take regional economic development as the first priority, especially in the eastern regions, and should rely on its advantages in capital, science and technology, and production management to accelerate regional economic and social development to further improve regional eco-efficiency. Increasing the utilization rate of R&D investment in science and technology in the country and in the eastern regions would have a significant role in promoting regional eco-efficiency. But the central regions should attach great importance to scientific and technological progress, and scientific research input has a significant driving role in promoting the regional eco-efficiency. The eastern and central regions should improve the ecological-economic transformation capacity which is conducive to increase regional EETFP. The central regions should especially pay more attention to the transformation of economic efficiency while reducing the development and utilization of ecosystem service values.
The research results provide a significant reference for regional ecological management and sustainable regional transformation in China. To improve the eco-efficiency and regional economic development quality, it is important to transform the traditional extensive development model which relies on high consumption, high emissions, and high pollution, and promote a low-carbon, green, and sustainable urban transformation. There is a need to improve the intensive degree of resource utilization, optimize the spatial distribution of resource allocation, develop more advanced energy-saving and water-saving technologies, and the results can be used by decision-makers for sustainable planning and development. 
